Replication products strive to offer investors some of the benefits of hedge funds while avoiding their high fees, illiquidity, and opacity. We test whether a replication algorithm can deliver the diversification and high Sharpe ratio that investors seek. Our procedure constructs monthly clone returns out-of-sample using fully collateralized futures positions held for one-month, with position sizes determined using rolling window regressions. Clone returns have high correlation with their hedge fund targets, indicating replication is possible. Clones also have high correlation with a buy-and-hold investment in stocks, however, and neither the targets nor their clones demonstrate successful time variation in factor loadings. †Bollen is the E. Bronson Ingram Professor of Finance, Owen Graduate School of Management, Vanderbilt University.
Send in the Clones? Hedge Fund Replication Using Futures Contracts

Introduction
The hedge fund industry recovered quickly from the contraction experienced in the post-financial crisis period, with aggregate assets under management exceeding $2 trillion during Q1 2012. 1 Several issues continue to keep many investors on the sidelines, however, including a spate of insider-trading scandals, opaque holdings, and high fees. In an effort to cater to the demand for an alternative investment that offers some of the benefits of hedge funds while avoiding these problems, a number of financial institutions have developed a new set of products using relatively liquid, transparent, and low-cost strategies. The goal of this article is to determine the performance and appropriate use of these hedge fund clones.
Most hedge fund replication products attempt to mimic the future time series properties of a target fund or fund index by constructing a portfolio of investable factors that matches the target's historical returns as closely as possible. 2 The factors represent investments in asset classes such as equities, fixed income, and commodities. The dynamic nature of the target's actual unobserved trading strategy requires that the composition of the clone portfolio changes over time. To achieve this, hedge fund replication is an iterative process, in which the target's exposures to the factors are re-estimated periodically and the allocation weights of the clone are adjusted accordingly.
To understand what clones can and cannot capture, it is useful to consider the classic decomposition of managerial skill into security selection and market timing. Because the target's actual positions are unknown, it is impossible to try to capture security selection. This limitation is reflected in the generic building blocks of replication products: liquid securities such as futures contracts or ETFs. What factor-based replication can offer, however, is a procedure for attempting to match the factor timing activity of a target. As hedge fund managers trade, the correlation between fund returns and those of the investable factors change. These changes are then translated by the replication procedure into new allocation weights. If managers have timing skill, then the clone will feature higher allocation to a factor during periods of high returns. To 1 HFR Market Microstructure HF Industry Report -Q1 2012. 2 See, for example, descriptions of IndexIQ's offerings at www.indexiq.com and a series of exchange traded notes designed by Credit Suisse at https://notes.credit-suisse.com/csfbnoteslogin/etn/csetns.asp. test the effectiveness of factor-based replication, therefore, we employ several tests of market timing ability.
We choose the Dow Jones Credit Suisse hedge fund indexes as our target investments.
These indexes are asset-weighted portfolios of hedge funds selected on the basis of capacity and other operational risk requirements. We choose to replicate hedge fund indexes as opposed to individual funds since University endowments, pension funds, and other institutional investors typically invest in portfolios of funds. 3 To create the clones, we use a parsimonious set of five liquid futures contracts to permit low-cost exposure to major asset classes. The clone procedure is based around a series of rolling window regressions to estimate the time varying exposure of the hedge fund indexes to the asset classes. Each regression yields a set of allocation weights which are then used to construct a clone portfolio that is held for one-month out-of-sample. We vary implementation details, such as the estimation window length, to determine their impact on clone performance.
Our methodology is similar to that of Hasanhodzic and Lo (2007) , who estimate linear factor models using returns of individual hedge funds for the purpose of constructing replicating portfolios. We make three contributions. First, the set of factors used by Hasanhodzic and Lo are not all investable, including, for example, the Goldman Sachs Commodity Index and the spread between the Lehman BAA Corporate Bond Index and the Lehman Treasury Index. In contrast, all of our factors are returns on liquid futures contracts. Second, their sample period ends in 2005, prior to the global financial crisis. Our sample extends an additional six years, allowing us to comment on clone performance directly before and after the turmoil that has defined investments ever since. Third, and perhaps most important, we argue that the only way clones can add value is by capturing the factor timing activity of the target, thereby motivating our analysis of the market timing ability of the clones.
The rest of the paper proceeds as follows. Section 2 reviews relevant prior literature on hedge fund replication, factor models, and market timing. Section 3 provides details about the data used in the study and presents some of the empirical methods. The cloning procedure and empirical results are described in Section 4. Section 5 offers a brief summary with concluding remarks.
Prior Literature
Competing Replication Procedures
There are two main approaches to replicating hedge funds. Factor-based replication takes positions in liquid instruments to match the target fund's exposures to a number of risk factors.
Factor-based clones are typically assessed by their ability to mimic the returns of the target fund out-of-sample. Distribution-based replication uses complex trading strategies to match the historical return distribution of the target fund. Distribution-based clones are typically assessed by their ability to mimic the distribution of the target fund out-of-sample, either the unconditional distribution, as in Amin and Kat (2003) , or the bivariate distribution of the target fund return and the return of some other asset such as a stock market index, as in Kat and Palaro (2005) .
We focus on factor-based replication for three reasons. First, using a distribution as the basis for replication requires a relatively long time period to establish the target distribution exante using historical returns, estimate the resulting clone's distribution ex-post, and asses its similarity to that of the target. Using the necessarily long time series is problematic since hedge fund return distributions are highly transitory given the freedom with which managers can change investment strategies and leverage ratios. Furthermore, Amenc et al. (2008) show that distribution-based clones achieve out-of-sample success only over long assessment periods of at least six years. It is unlikely that investors would have the patience to wait six years before evaluating investment performance.
Second, the distribution-based clones rely on relatively sophisticated mathematical techniques, which can be traced to Dybvig (1988) , to create a high-frequency trading system. For many investors the appeal of clones is their transparency. While the distribution-based clone's trade engine can be explicitly defined and shared with investors, for many it will remain a black box. Third, by construction, distribution-based clones do not attempt to match the month-bymonth returns of a target fund, and so have difficulty matching the conditional distribution of target returns. The exception to this is the bivariate distribution target of Kat and Palaro (2005) , but in their out-of-sample tests they fail to match target returns during volatile periods.
Factor Models and Factor-Based Clones
The mechanics of factor-based replication can be attributed to Sharpe (1992) , who infers asset allocation choices using a linear factor model to measure the relation between the returns of an investment vehicle and those of standard asset classes. Sharpe then applies the model to a sample of open-end mutual funds and shows how estimates of factor loadings correspond to the expected asset mix of each fund given their stated investment style. As discussed by Fung and Hsieh (2001) , the combination of a linear structure and buy-and-hold factors is inappropriate for analysis of hedge funds given the non-linear relation between hedge fund returns and those of standard assets. Non-linearities can be generated by dynamic exposure via relatively high frequency trading and by positions in securities with option-like payoffs such as credit default swaps. Linear factor models can capture dynamic exposure to an underlying asset or strategy if factor loadings are allowed to change over time. This is the approach implicit in our use of rolling estimation windows when establishing clone portfolios, as described below.
Like Hasanhodzic and Lo (2007) , Amenc et al. (2008) test the out-of-sample performance of factor-based clones. When comparing one-month out-of-sample clone returns to their target returns they find correlations typically below 0.50 and low regression R-squared. They conclude that linear-based clones do not work well, and argue that a major weakness is the inability of linear factor models to capture the time varying exposure of hedge funds to underlying factors.
Amenc et al. conclude that non-linear factor models may be the solution. Amenc et al. (2010) study whether non-linear factor models can improve the performance of factor-based clones by estimating a regime-switching model as well as a model of stochastic exposures using a Kalman filter. Perhaps not surprisingly, the in-sample fit of these models with time varying factor exposures is superior to that of fixed exposures. More importantly, the out-of-sample performance is no better and in many cases is inferior to the simpler model, suggesting a risk of over-fitting.
In this paper, we employ rolling estimation windows to allow for time varying exposures to underlying asset classes. Though somewhat crude, the results in Amenc et al. (2010) illustrate that more sophisticated techniques are plagued by over-fitting and poor out-of-sample performance. In addition, a natural consequence of a rolling window is that factor exposures can evolve smoothly over time, depending on the length of the estimation window, resulting in a relatively low rate of portfolio turnover in the clone.
Estimating Market Timing Ability in Factor Models
As described in Section 1, an appropriate goal for factor-based replication is to capture the market timing ability of a target. There are two ways to estimate market timing ability in the context of a factor model. First, one can estimate exposures to factors that are constructed to reflect the returns of active market timing strategies. Fung and Hsieh (2001) , for example, develop a family of trendfollowing factors to capture dynamic exposures of funds to various asset classes including equities, bonds, currencies, and commodities. These factors are constructed from portfolios of options in order to replicate a look-back straddle, which in turn generates payoffs equivalent to a successful market timer. While these factors have been widely adopted in hedge fund research to characterize the risk and return profile of hedge funds, they are problematic in the context of replication because they are not readily investable. We limit the set of factors to futures contracts in order to construct a low-cost, liquid investment vehicle.
Second, one can use a model that allows for exposures to standard asset classes that vary conditional on the magnitude of asset returns. Treynor and Mazuy (1966) , for example, specify a quadratic relation between the returns of a fund and those of the market, allowing for a larger exposure during higher market returns. Similarly, Henriksson and Merton (1981) use a piecewise linear relation between the returns of a fund and those of the market, allowing for different levels of exposure when the market return is above or below a certain level. We use both of these factor models to measure the timing ability of the hedge fund indexes and their clones.
To set expectations, note that prior literature provides limited evidence of market timing ability in hedge funds. Chen (2007) and Chen and Liang (2007) find some evidence of market timing in small subsets of funds. Chen and Liang study the timing ability in a sample of 221 funds that are either explicitly categorized as belonging in a market timing style or describe themselves as such in their prospectus. They find that these funds feature, both individually and collectively, some ability to vary equity market exposure in advance of market moves. Chen finds no evidence of equity market timing ability in a broader sample of funds, but some evidence of the ability to time bond and currency in global macro and managed futures funds.
Griffin and Xu (2009) examine timing ability using equity holdings of hedge funds observed from quarterly SEC Form 13F filings. They find no evidence that hedge fund managers can rotate capital among different styles in advance of high returns.
Data and Empirical Methods
Hedge Fund Indexes
Monthly returns of 10 Dow Jones Credit Suisse indexes are used as our targets. Summary statistics for the 10 indexes, as well as the total return of the S&P 500 for comparison, are listed in Table 1 using the full sample from January 1994 through December 2011. The broad Hedge Fund Index handily outperforms the S&P 500 over this period, with comparable average return but only half the volatility, resulting in an annualized Sharpe ratio of 0.73 for the Hedge Fund Index versus 0.37 for the S&P 500. Note, however, that the correlation between the two is a relatively high 0.57. The other indexes feature substantial variation in performance, four of which generate lower Sharpe ratios than the S&P 500. Annualized average returns range from -2.0% for the Short Bias Index to 12.0% for the Global Macro Index.
Annualized standard deviations range from 5.8% for the Fixed Income Arbitrage Index to 17.0% for the Short Bias Index. Table 2 shows the same statistics computed over three subsets of the data: 1994 -2003, 2004 -2007, and 2008 -2011 . Dramatic variation exists across the subsets, as one would expect given the impact of the financial crisis in the most recent period. The Hedge Fund Index, for example, features Sharpe ratios of 0.81, 1.71, and 0.10 over the three periods, respectively. The non-stationarity in index return distributions displayed here illustrates the difficulty in replication procedures that focus on matching the return distribution of a target. Importantly, correlations between the hedge fund indexes and the S&P 500 have general increased over time. The Hedge Fund Index has a correlation of 0.48 in the first period, rising to 0.68 in the second and 0.76 in the most recent period. This result suggests that our ability to match hedge fund returns may improve over time as correlations with systematic risk factors increase.
Replication Building Blocks
We use positions in five futures contracts to construct clones for each hedge fund index.
Futures contract returns are generated from holding the nearby contract and rolling to the next maturity 5 days prior to expiration. The US Dollar Index contract (USDX) is traded on the ICE; the Ten-year T-Note contract (TY) is traded on the CBOT; the Gold contract (GC) is traded on the COMEX; the Crude Oil contract (CL) is trade on the NYMEX; and the S&P 500 contract (SP) is traded on the CME. Summary statistics over the full sample, and three subsets, are listed in Table 3 . Over the full sample, Crude Oil has the highest average return and standard deviation, 16.1% and 32.3%, respectively. Gold delivers a slightly higher Sharpe ratio than Crude Oil, 0.56 as compared to 0.50. Correlations between each contract and the S&P 500 are generally low, and in many cases negative. The US Dollar contract, for example, features a correlation of -0.25 over the full sample and -0.63 over the most recent period, as dollar-denominated assets were in high demand during the crisis. Correlations between each pair of contracts are listed in Table 4 . The US Dollar and Ten-year T-Note contracts are negatively related to all other assets, with the exception of the Ten-year T-Note and Gold pair. These two assets feature a correlation of 0.41 in the most recent period as investors world-wide fled to safe assets.
One might question our choice of building blocks given the large number of potential candidates and the standard sets of factors used in hedge fund research. The Fung and Hsieh (2004) seven-factor model, for example, is the most widely adopted set of factors used in academic studies of hedge fund risk. We have two concerns which lead us to the five factors described above. First, as mentioned in Section 2, some of the Fung and Hsieh factors are not readily investable. In particular, implementing the trend-following strategies introduced in Fung and Hsieh (2001) would require a great deal of trading in derivative securities. While they may be useful for describing the types of assets and strategies hedge funds use, in the context of this replication study they are not as relevant. Second, though we are using an out-of-sample procedure for assessing the performance of the clones, searching over a potentially large set of factors raises the specter of data-mining. A large enough set almost guarantees we could construct clones that appear to perform well, but then we lose the benefit of an out-of-sample assessment.
Given investor demand for a product that can help diversify holdings of standard asset classes, one might also question our choice of the S&P 500 and Ten-year T-Note contracts.
There are two reasons why we include them. First, recall our goal is to replicate the time series of returns of a hedge fund or hedge fund index. If the match between the target and the clone returns is tight, then the clone will inherit the salient features of the target, including its correlation with other assets. Whether the S&P 500 and Ten-year T-Note contracts help match the target is an empirical question which our analysis will answer. Second, our replication procedure allows for negative and time varying factor exposures, so even a clone consisting solely of these two contracts could deliver low correlation with a buy-and-hold investment in stocks and bonds.
Clone construction
Clones are constructed by estimating coefficients of a linear factor model each month.
Coefficients are used as position sizes for the five futures contracts. Positions are entered with a one month delay to realistically reflect the actions of the replication methodology in real time as described below.
To construct the clone return for month t, we use data through month t -2. So, for example, the clone return for January would be based on a regression using data through the prior November. This represents a one month lag between the end of an index reporting period and establishing the futures positions for replicating the index. The index performance is typically available on the 15 th of a given month, so the procedure in effect allows for a two-week period between obtaining the most recent index return and establishing the futures positions. The clone return for January, for example, would be based on index returns through November, which would be available in mid-December. The requisite futures positions would then be entered at the end of December. See Figure 1 for a timeline that illustrates the sequence of events.
A five-factor regression run on date t -2 and using T observations is expressed as:
where r i is the excess return of the index and r k is the return of one of five factors. This regression differs from standard factor models because, following Hasanhodzic and Lo (2007), we have suppressed the intercept, which is typically labeled alpha. Alpha is a primary measure of fund performance, and can be interpreted as the capturing the security selection ability of a manager. Note in our context, however, that it is impossible to replicate alpha; indeed, in the language of regression, the intercept is the averaged unexplained return. By omitting the intercept we are forcing the factors to play a larger role fitting the target's returns. A chief concern of "regression through the origin" is that estimates of  will be biased. We will assess this by focusing on out-of-sample tests of the clone's ability to fit the target return.
We conduct the exercise with four different estimation periods of T = 12, 24, 36, and 48 months. Since this is a regression of excess index returns on the realizable returns of futures positions, the  coefficients can be interpreted as percentage allocation weights of clone capital to notional futures positions. Given the coefficient estimates, computing the clone return r c for date t begins with the date t fitted value of the regression:
We assume that the futures positions are "fully collateralized" meaning that for every dollar of notional exposure, positive or negative, a dollar of cash is set aside in an interest bearing account. This assumption makes the  coefficients easy to interpret -a coefficient of 1.0 means 100% of the clone assets are invested in the associated contract. We assume that cash earns the one-month LIBOR rate. In addition, we sum the absolute values of the  from the regressions, where a negative  simply indicates a short position in the futures contract. The sum of the absolute values indicates the percentage of the clone's capital that is deployed as notional futures exposure. If this sum is less than 100%, we assume the remainder of a clone's capital is earning LIBOR. If the sum exceeds 100%, we assume the excess over 100% is borrowed at LIBOR plus 100 basis points.
We do not account for trading costs hence returns will be slightly upward-biased. Direct transaction costs are minimal in futures markets, typically much less than $1 per contract. The primary cost of constructing the clone will consist of salaries for the traders and risk managers that are required to implement and oversee the plan. Management fees of 100 to 200 basis points are typical in hedge funds -but for a mechanical algorithm like the one used here, a more modest fee is likely more appropriate. By excluding this from our clone return we are providing an upper-bound on the clone's performance.
Measuring Clone Performance
By construction the clones have no way of capturing alpha, the average unexplained return of the target, and can only hope to deliver performance by matching the dynamic factor exposures of the target. To measure the information content of targets and clones, therefore, we will use two standard market timing tests to determine whether changes in factor loadings occur at the right time, i.e. whether factor loadings increase prior to high factor returns and decrease prior to low factor returns.
In the first test, we use the Henriksson and Merton (1981) timing model which allows for two different levels of factor exposure. The model is estimated using the following regression:
and 1 when 0 else 0
where  k is the incremental loading on factor k during months with a positive factor return. Note we include the intercept here because the objective is to measure the market timing coefficient as accurately as possible. For robustness, we also estimate parameters for the Treynor Mazuy (1967) timing model using the following regression:
A positive  k coefficient in the Treynor Mazuy regression can be interpreted as an exposure that is increasingly positive when factor returns are positive and increasingly negative when factor returns are negative -resulting in a U-shape relation between the returns of the investment vehicle and the returns of the factors.
In the second test, we use a log-odds ratio to determine whether factor loadings are higher during months when factor returns are above their mean. Specifically, the relation between the factor loadings and subsequent returns is measured by whether the factor loading estimated using data through month t -2 is above or below its mean and whether the factor return in month t is above or below its mean, allowing for a one-month lag in clone construction. Let HH denote the number of months when the factor loading is High and the subsequent return is High, LL the number of months when both are Low, HL the number of months when the factor loading is High and the subsequent return is Low, and LH the number of months when the factor loading is Low and the subsequent return is High. The normalized Log-Odds ratio equals
and is distributed standard normal.
Replication Performance
In-sample fit
Before proceeding to the replication analysis, we examine the relation between hedge fund index returns and those of the five futures contracts. For each index, we regress hedge fund index returns in excess of the 1-month LIBOR rate on the raw returns of the five futures contracts. The reason that we regress excess index returns on raw futures returns is that standard cost-of-carry futures pricing models imply that futures returns do not reflect compensation for the time value of money, whereas hedge fund index returns do. For this analysis we include an intercept, as is standard, so that regression coefficients and adjusted R-squared can be interpreted in the usual way as we are interested here in assessing the in-sample fit of the factors. Table 5 shows results using the full sample of 1994 through 2011. In-sample fit, as measured by the adjusted R-squared of each regression, ranges from 9.9% for the Managed Futures Index to 60.3% for the Short Bias Index, and averages 30.5% across the styles. These low levels of fit are consistent with prior studies. One might be troubled by the low level of insample fit for our indexes, since our ultimate goal is to generate a reasonable match out-ofsample. Note, however, that in almost all cases the indexes feature a statistically significant relation to four or five of the factors. More importantly, in-sample fit can be improved by allowing for time varying exposures of the indexes to underlying factors, reflecting the trading strategies of constituent fund managers. To illustrate, we report in Table 6 the adjusted Rsquared from regressions using two subsets of the data: 2004 -2007 and 2008 -2011 . In many cases the increase in adjusted R-squared as compared to the full sample is substantial. The Hedge Fund Index, for example, features a 38.9% adjusted R-squared over the full sample as compared to 68.1% and 69.2%, respectively, for the two latter periods. This result motivates our use of rolling window estimation periods in the out-of-sample analysis.
Clone details
We present summary statistics of the exposures generated by the cloning algorithm described in Section 3. The average position sizes and typical monthly changes are listed in Table 7 . Panels A and B show the average coefficient and the average absolute change in each but the changes are much smaller, consistent with the idea that the estimated factor loading each month is actually an average of a dynamic factor loading, hence the average will be more stable the longer is the estimation window. These results indicate that the length of the estimation window has a dramatic impact on the size of positions as well as turnover, and is likely the most important variable for implementing a cloning procedure.
Out-of-sample performance of clones
We measure the ability of clones to fit index returns out of sample by comparing the index returns to the clone returns from February 1998 through December 2011.
5 Table 9 shows results using 12-month estimation windows. Listed are monthly Sharpe ratios, average returns, all of the clones formed using the one-month lag. Naturally past performance is no guarantee of future success, and events during the sample period were extreme by historical standards. That said, the fact that an equally-weighted portfolio tends to outperform both the clones and the targets suggests that simple alternatives may have merit. Table 11 Index, for example, features a correlation with the S&P 500 of 0.57, whereas its correlation with the clone is 0.55. Note, however, that the correlation between the clone and the S&P 500 is higher, at 0.68. In most cases, this pattern is repeated. For the 48-month clone in the last two columns, the correlation between the clones and the S&P 500 is generally higher still. This result is unsettling because one of the primary reasons for seeking an alternative investment, or its clone, is to achieve diversification from standard asset classes such as large cap U.S. equities.
Panel B of Table 11 shows correlations computed over the more recent period of 2008 -2011 . Here the correlations between clones and their indexes are higher than before, but the correlation between clones and the S&P 500 often exceeds 0.80. In some respects this may not be a big surprise. Risky assets in general became more highly correlated in the wake of the financial crisis.
Market timing ability and dynamic factor loadings
The prior subsection shows that we do have some ability to match time series properties of hedge fund indexes by using backward-looking rolling window regressions to estimate factor loadings, and using these to establish portfolio weights going forward. However, the performance of the clones is inferior to a simple strategy of equally weighting the five futuresbased factors. A remaining question is whether the poor performance of the clones is due to the construction methodology, perhaps because the backward-looking estimates always provide stale information, or is due to tracking a target which itself does not contain useful information regarding future returns. As mentioned previously, the performance of the clones is completely attributable to the dynamic nature of factor exposures inferred from the hedge fund indexes, since the clones are constructed directly from the index factor loadings. Thus, to measure the performance of the clones, and the indexes themselves, we assess their market timing performance.
In Table 12 , we list Henrikkson Merton timing coefficients for the indexes and the clone with a 24-month estimation window.
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Listed below each coefficient is a two-sided p-value; coefficients significant at the 10% level are in bold. As described in Section 3, positive coefficients indicate that exposures are higher when factor returns are above zero, consistent with timing ability, whereas negative coefficients indicate that exposures are lower when factor returns are above zero. Panel A shows the results for the indexes. The vast majority of timing coefficients are statistically insignificant. In 11 cases out of 50, the coefficients are significant but negative, and in only three cases are they positive and significant. These results indicate the indexes themselves do not feature successful time variation in factor loadings. Naturally, since the indexes do not feature timing ability then it hardly seems likely that the clones would either.
Panel B confirms this: in six cases the coefficients are positive and significant and in six cases the coefficients are negative and significant.
As discussed in Bollen and Busse (2001), regressions of market timing models tend to lack power when using monthly data and results can be sensitive to the assumed functional form.
For this reason we also use a log-odds ratio for robustness. Here we count the number of months in which factor loadings and subsequent returns are simultaneously above or below their mean, and compare it to the number of months when factor loadings are high and returns are low or vice versa. Table 13 shows the resulting log-odds ratios for each index and factor, for both the Shown is the sequence of events for a single out-of-sample observation and a 24-month estimation window. Months one through 24 are used for estimating factor exposures. The return for month 24 is not made available until the middle of month 25. We assume positions are entered at the end of month 25 and held until the end of month 26. So for estimation windows ending in month t, the out-of-sample observation is the return in month t + 2. Listed below are summary statistics of monthly returns of 10 Dow Jones Credit Suisse hedge fund indexes and the total return of the S&P 500 index. Data are from January 1994 through December 2011. The first three statistics are annualized. "Sharpe" is the Sharpe ratio, defined as the average return in excess of the 30-day T-Bill rate divided by standard deviation; "Skew" is skewness; "Kurt" is excess kurtosis; "% Neg" is the percentage of months with a negative return; and " S&P 500 " is the correlation coefficient between an index and the S&P 500. The first three statistics are annualized. "Sharpe" is the Sharpe ratio, defined as the average return in excess of the 30-day T-Bill rate divided by standard deviation; "Skew" is skewness; "Kurt" is excess kurtosis; "% Neg" is the percentage of months with a negative return; and " S&P 500 " is the correlation coefficient between an index and the S&P 500. Listed below are summary statistics of monthly returns of five futures contracts used to build clones for hedge fund indexes. Data are from January 1994 through December 2011. Futures contract returns are generated from holding the nearby contract and rolling to the next maturity 5 days prior to expiration. The US Dollar Index contract (USDX) is traded on the ICE; the Ten-year T-Note contract (TY) is traded on the CBOT; the Gold contract (GC) is traded on the COMEX; the Crude Oil contract (CL) is trade on the NYMEX; and the S&P 500 contract (SP) is traded on the CME. The first three statistics are annualized. "Sharpe" is the Sharpe ratio, defined for futures returns as the average return divided by standard deviation; "Skew" is skewness; "Kurt" is excess kurtosis; "% Neg" is the percentage of months with a negative return; and " S&P 500 " is the correlation coefficient between an index and the S&P 500. Listed below are correlations of monthly returns of five futures contracts used to build clones for hedge fund indexes. Data are from January 1994 through December 2011. Futures contract returns are generated from holding the nearby contract and rolling to the next maturity 5 days prior to expiration. The US Dollar Index contract (USDX) is traded on the ICE; the Ten-year T-Note contract (TY) is traded on the CBOT; the Gold contract (GC) is traded on the COMEX; the Crude Oil contract (CL) is trade on the NYMEX; and the S&P 500 contract (SP) is traded on the CME.
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US Listed below are results of regressions of monthly excess returns of 10 Dow Jones Credit Suisse hedge fund indexes on the raw returns of five futures contracts. Data are from January 1994 through December 2011. Futures contract returns are generated from holding the nearby contract and rolling to the next maturity 5 days prior to expiration. The US Dollar Index contract (USDX) is traded on the ICE; the Ten-year T-Note contract (TY) is traded on the CBOT; the Gold contract (GC) is traded on the COMEX; the Crude Oil contract (CL) is trade on the NYMEX; and the S&P 500 contract (SP) is traded on the CME. The first column is the regression adjusted R-squared. Subsequent columns list OLS coefficient estimates. "***", "**", and "*" indicate significance at the 1%, 5%, and 10% level, respectively. Table 11 . Out-of-sample Correlations.
Listed are correlations between the monthly returns of 10 hedge fund indexes, corresponding clones, and the S&P 500. Clone returns for date t are fitted values computed out of sample using first-stage regressions with data through t-2 in which hedge fund index returns are regressed against the returns of five futures contracts. Panel A shows results using out-of-sample clone returns from February 1998 through December 2011. Panel B shows results with out-of-sample clone returns from January 2008 through December 2011. The first column shows  Index, S&P 500 , the correlation between each hedge fund index and the S&P 500. The second and third columns correspond to clones using 12-month estimation windows, whereas the fourth and fifth column show results using 48-month estimation windows. Listed for each estimation window are  Index , the correlation between each clone and the corresponding hedge fund index, and  S&P 500 , the correlation between each clone and the S&P 500. Listed are estimates of market timing coefficients from regressions of hedge fund index and clone excess returns on a set of five futures-based factors. Clone returns for date t are fitted values computed out of sample using first-stage regressions with data through t-2 in which hedge fund index returns are regressed against the returns of five futures contracts. Excess fitted clone returns and excess hedge fund index returns are then regressed against the five futures-based factors using a Henrikkson Merton (1981) specification in which timing coefficients are estimated when factor loadings are positive. Listed are timing coefficients for the indexes and clones using 24-month estimation windows. Listed below each coefficient estimate is a two-sided p-value. Coefficients significant at the 10% level are in bold. Table 13 . Log-Odds Ratios.
Listed for each hedge fund index are statistics measuring the relation between clone factor loadings and subsequent factor returns. For each month from December 1997 through October 2011 clone factor loadings are determined by regressing hedge fund excess index returns on the returns of five futures-based factors. The relation between the factor loadings and subsequent returns is measured by whether the factor loading estimated in month t is above or below its mean and whether the factor return in month t+2 is above or below its mean, allowing for a one-month lag in clone construction. Let HH denote the number of months when the factor loading is High and the subsequent return is High, LL the number of months when both are Low, HL the number of months when the factor loading is High and the subsequent return is Low, and LH the number of months when the factor loading is Low and the subsequent return is High. The normalized Log-Odds ratio equals   
